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ABSTRACT
In TREC2006,weparticipatein threetasksof theTerabyteandEn-
terprisetracks.WecontinueexperimentsusingTerrier1, ourmodu-
lar andscalableInformationRetrieval (IR) platform.Furtheringour
researchinto theDivergenceFromRandomness(DFR) framework
of weightingmodels,we introducetwo new effective andlow-cost
models,whichcombineevidencefrom documentstructureandcap-
ture term dependenceand proximity, respectively. Additionally,
in the Terabytetrack, we improve on our queryexpansionmech-
anismon �elds, presentedin TREC 2005,with a new andmore
re�ned technique,whichcombinesevidencein a linear, ratherthan
uniform, way. We also introducea novel, low-costsyntactically-
basednoisereductiontechnique,which we �e xibly apply to both
thequeriesandtheindex. Furthermore,in theNamedPageFinding
task,wepresentanew techniquefor combiningquery-independent
evidence,in theform of prior probabilities.In theEnterprisetrack,
we testour new voting modelfor expert search.Our experiments
focuson theneedfor candidatelengthnormalisation,andon how
retrieval performancecanbe enhancedby applyingretrieval tech-
niquesto theunderlyingrankingof documents.

1. INTRODUCTION
The researchscopeunderlyingour participationin TREC2006

hasbeento extend our current robust weighting modelsand re-
trieval performanceenhancingtechniques,in novel waysthat are
theoretically-sound,modular, low-cost,andmost importantly, ef-
fective. In termsof weighting models,we presenttwo new Di-
vergenceFromRandomness(DFR) models.The �rst modelaims
at combiningevidencefrom documentstructure,andwe test it in
the NamedPageFinding taskof the Terabytetrack. The second
modelaimsat modellingtermdependenceandproximity, andwe
test it in the NamedPageFinding taskof the Terabytetrack and
theExpertSearchtaskof theEnterprisetrack. In termsof retrieval
performanceenhancingtechniques,we present(i) a re�ned query
expansionmechanismon �elds, which combinesdocument�eld
evidencein a linear way, and(ii) a novel noisereductionmecha-
nismfor longqueriesandtheindex, whichusessyntactically-based
evidence(partsof speech).Wetestthesetwo techniquesin theAd-
hoctaskof theTerabytetrack.Wealsopresentanew techniquefor
combiningquery-independentevidence,in theform of prior prob-
abilities.We testthis techniquein theNamedPageFindingtaskof

1Informationon Terriercanbefoundat:
http://ir.dcs.gla.ac.uk/terrier/

theTerabytetrack.
In theEnterprisetrack,wetestournovel votingmodelfor expert

search.Firstly, we experimenton how candidatelengthnormalisa-
tion canbeusedin thevotingmodelto preventcandidateswith too
muchexpertiseevidencefrom gainingan unfair advantagein the
voting model. Secondly, we examinehow a selectionof state-of-
the-artretrieval techniques,suchasa �eld-basedweightingmodel,
queryexpansionandtermdependenceandproximity, canbeused
to enhancethe retrieval performanceof the expert searchsystem,
by enhancingthe quality of an underlyingrankingof documents.
Conclusionsaredrawn acrosstwo waysof associatingdocuments
with candidatesto representtheir expertise.

The remainderof this paperis organisedasfollows. Section2
presentsthe weighting modelsusedin the Terabyteand the En-
terprisetracks. Section3 presentsthehypothesestestedandtech-
niquesappliedin theAdhocandNamedPageFindingtasksof the
Terabytetrack,with a discussionof theresults.Section4 presents
thehypothesestestedandtechniquesappliedin theEnterprisetrack,
with a discussionof theresults.Section5 summarisesour overall
participationin TREC2006.

2. MODELS
Following from previousyears,our researchin Terriercentresin

extendingtheDivergenceFromRandomnessframework (DFR)[1].
In TREC2006,wehavedevisednovel, information-theoreticways
of combiningevidencefrom documentstructure(or �elds, suchas
the title andanchortext), andin modellingterm dependenceand
proximity. Both proposedmodelsare basedon the DFR frame-
work, andthey areappliedvery effectively andwith little compu-
tationaloverhead.

Theremainderof thissectionis organisedasfollows. Section2.1
presentsexisting �eld-basedDFR weightingmodels. Section2.2
introducesour new �eld-basedDFR weightingmodel,while Sec-
tion 2.3presentsournew DFR model,which capturestermdepen-
denceandproximity.

2.1 FieldbasedDivergenceFromRandomness
(DFR) Weighting Models

Documentstructure(or �elds), suchasthe title andthe anchor
text of incoming hyperlinks,have beenshown to be effective in
Web IR [4]. Robertsonet al. [23] observed that the linear com-
binationof scores,which hasbeenthe approachmostly usedfor
the combinationof �elds, is dif�cult to interpretdue to the non-
linearrelationbetweenthescoresandthetermfrequenciesin each



of the�elds. In addition,Hawking et al. [5] showedthatthelength
normalisationthat shouldbe appliedto each�eld dependson the
natureof the�eld. Zaragozaetal. [25] introduceda�eld-basedver-
sionof BM25, calledBM25F, which applieslengthnormalisation
andweightingof the �elds independently. Macdonaldet al. [11]
alsointroducedNormalisation2F in the DFR framework for per-
forming independenttermfrequency normalisationandweighting
of �elds.

In thiswork,weusetwo �eld-basedmodelsfromtheDFRframe-
work, namelyPL2F andInL2F. Using the PL2F model, the rele-
vancescoreof adocumentd for a queryQ is givenby:

score(d; Q) =
X

t 2 Q

qtw �
1

tf n + 1

�
tf n � log2

tf n
�

(1)

+( � � tf n) � log2 e + 0:5 � log2(2� � tf n)
�

where� is themeanandvarianceof a Poissondistribution, given
by � = F=N ; F is thefrequency of thequerytermt in thewhole
collection, andN is the numberof documentsin the whole col-
lection. Thequerytermweightqtw is givenby qtf =qtf max ; qtf
is the queryterm frequency; qtf max is the maximumqueryterm
frequency amongthequeryterms.

For InL2F, therelevancescoreof a documentd for a queryQ is
givenby:

score(d; Q) =
X

t 2 Q

qtw �
1

tf n + 1

�
tf n � log2

N + 1
n t + 0:5

�
(2)

wheren t is thenumberof documentstermt occursin.
In bothPL2FandInL2F, tf n correspondsto theweightedsum

of thenormalisedtermfrequenciestf f for eachused�eld f , known
asNormalisation2F [11]:

tf n =
X

f

�
wf � tf f � log2(1 + cf �

avg l f

l f
)
�

; (cf > 0) (3)

where tf f is the frequency of term t in �eld f of documentd;
l f is the lengthin tokensof �eld f in documentd, andavg l f is
theaveragelengthof the�eld acrossall documents;cf is a hyper-
parameterfor each�eld, whichcontrolsthetermfrequency normal-
isation;theimportanceof thetermoccurringin �eld f is controlled
by theweightwf .

NotethattheclassicalDFRweightingmodelsPL2andInL2 can
begeneratedby usingNormalisation2 insteadof Normalisation2F
for tf n in Equations(1) & (2) above. Normalisation2 is givenby:

tf n = tf � log2(1 + c �
avg l

l
)( c > 0) (4)

wheretf is the frequency of term t in the documentd; l is the
lengthof thedocumentin tokens,andavg l is theaveragelength
of all documents;c is a hyper-parameterthatcontrolsthenormali-
sationappliedto the termfrequency with respectto thedocument
length.

Notethat,following [23], wehavealsodevisedasimpli�ed vari-
antof Normalisation2F, whichnormalisesthesumof theweighted
term frequenciesfrom different �elds, insteadof normalisingthe
term frequencieson a per-�eld basis.Indeed,this simpli�ed vari-
antof Normalisation2F allows usto reducetrainingtime,because
it haslesshyper-parametersto train. Thesimpli�ed Normalisation
2F, whichwe denoteasNormalisation2FS,is givenasfollows:

tf n =
X

f

�
wf � tf f � log2(1 + c �

avg l
l

)
�
; (c > 0) (5)

Normalisation2Fin Equation(3) hasahyper-parametercf for each
indexed document�eld. Unlike Normalisation2F, Normalisation
2FShasonly a singlehyper-parameterc for all the indexed doc-
ument�elds. Therefore,we canbene�t from having lesshyper-
parametersto train. In our previous experimentsfor Adhoc re-
trieval,wefoundnosigni�cant differencebetweentheretrieval per-
formanceobtainedusingPL2F andPL2FS.For example,for the
TREC-9Web Adhoc task,using title-only queries,the optimised
meanaverageprecision(MAP) of PL2FandPL2FSis 0.2071and
0.2062,respectively. The p-value is 0.07858usingthe Wilcoxon
matched-pairssigned-rankstest, which indicatesan insigni�cant
differenceat5% con�dencelevel.

2.2 Multinomial DivergenceFrom Random
ness(DFR) Weighting Model

In TREC2006,we re-investigatetheuseof documentstructure
(or �elds) in the DFR framework. In both BM25F andthe DFR
modelsthatemploy Normalisation2F (e.g. PL2F, InL2F), it is as-
sumedthat the occurrencesof termsin the �elds follow the same
distribution, becausethe combinationof �elds takesplacein the
documentlengthnormalisationcomponent,andnot in the proba-
bilistic model[18].

In TREC2006,wetake a differentapproachby consideringthat
the term occurrencesin the �elds of documentsfollow a multino-
mial distribution. In this way, the combinationof the term occur-
rencesfrom thedifferent�elds is modelledin a probabilisticway,
andis notpartof thedocumentlengthnormalisation.

We introducea new DFR weighting model, which employs a
multinomialrandomnessmodel,asfollows. Theweightof atermin
adocument(score(d; t)) is equalto theproductof theinformation
contentof two probabilities. Therefore,the relevancescoreof a
documentd for a queryQ is computedasfollows:

score(d; Q) =
X

t 2 Q

qtw � score(d; t)

=
X

t 2 Q

�
qtw (� log2(P1)) � (1 � P2)

�
(6)

P1 correspondsto the probability that thereis a given numberof
termoccurrencesin the�elds of adocument.P2 correspondsto the
probabilityof having onemoreoccurrenceof atermin adocument,
afterhaving seenit a givennumberof times.TheprobabilityP1 is
computedusinga multinomialrandomnessmodel:

P1 =

 
F

tf n1 tf n2 : : : tf nk tf n0

!

�ptf n 1
1 � ptf n 2

2 � � � ptf n k
k � p0tf n 0

(7)

TheprobabilityP2 is computedusingtheLaplaceafter-effectmodel.

P2 =

P
f tf n f

1 +
P

f tf n f
(8)

In theabove equations,k is thenumberof �elds, tf n f is thenor-
malisedfrequency of atermin the�eld f , which is givenby apply-
ing Normalisation2 from Equation(4) to that�eld. F andN areas
de�ned in Section2.1. tf n0 = F �

P
f tf n f ; pf is theprior prob-

ability of having a term occurrencein the �eld f of a document,
andit is equalto pf = 1

k �N ; p0 = 1 �
P

f pf = N � 1
N .

The �nal scoreof a documentd for a queryQ is computedas
follows:



score(d; Q) =
X

t 2 Q

� qtw
1 +

P
f tf n f

�
�

� log2(F !)

+
X

f

�
log2(tf n f !) � tf n f log2(pf )

�

+ log2(tf n0!) � tf n0 log2(p0)
��

(9)

Wereferto themultinomialDFRmodeldescribedin Equation(9)
as ML2. In the above equation,the logarithm of the factorial is
computedusingtheLanzcosapproximationof the� function [21,
p. 213]. TheLanzcosapproximationis preferredover theStirling
approximationbecauseit resultsin lower error[18].

2.3 Term Dependencein the DivergenceFrom
Randomness(DFR) Framework

Webelieve thattakinginto accountthedependenceandproxim-
ity of querytermsin documentscanincreaseretrieval effectiveness.
To thisend,weextendtheDFRframework with modelsfor captur-
ing the dependenceof querytermsin documents.Following [2],
the modelsarebasedon the occurrencesof pairsof query terms
that appearwithin a given numberof termsof eachother in the
document.Theintroducedweightingmodelsassignscoresto pairs
of queryterms,in additionto thesinglequeryterms.

Thescoreof a documentd for a queryQ is givenasfollows:

score(d; Q) =
X

t 2 Q

qtw � score(d; t) +
X

p2 Q 2

score(d; p) (10)

wherescore(d; t) is the scoreassignedto a query term t in the
documentd; p correspondsto a pair of queryterms;Q2 is theset
thatcontainsall thepossiblecombinationsof two queryterms. In
Equation(10), thescore

P
t 2 Q qtw � score(d; t) canbeestimated

by any DFR weightingmodel,with or without �elds. Theweight
score(d; p) of a pair of querytermsin a documentis computedas
follows:

score(d; p) = � log2(Pp1) � (1 � Pp2) (11)

wherePp1 correspondsto theprobabilitythatthereisadocumentin
whicha pair of querytermsp occursagivennumberof times.Pp1

canbecomputedwith any randomnessmodelfrom theDFRframe-
work, suchasthePoissonapproximationto theBinomial distribu-
tion. Pp2 correspondsto the probabilityof seeingthe queryterm
pair oncemore,afterhaving seenit a givennumberof times. Pp2

canbe computedusingany of the after-effect modelsin the DFR
framework. The differencebetweenscore(d; p) andscore(d; t)
is that the formerdependson countsof occurrencesof thepair of
querytermsp, while thelatterdependsoncountsof occurrencesof
thequerytermt.

For example,applyingtermdependenceandproximity with the
weightingmodelInL2 (seeEquations(2) and(4)), resultsin a new
versionof InL2, which we denoteby pInL2, wherethe pre�x p
standsfor proximity. pInL2 estimatesscore(d; p) asfollows:

score(d; p) =
1

tf np + 1

�
tf np � log2

N + 1
np + 0:5

�
(12)

wherenp correspondsto the numberof documentsin which the
pair of querytermsp appearwithin dist termsof eachother. tf np

is thenormalisedfrequency of a querytermpair p in documentd,
which canbeobtainedfrom applyingNormalisation2 from Equa-
tion (4).

A differentrandomnessmodel,whichdoesnotconsiderthecol-
lectionfrequency of pairsof queryterms,is basedon thebinomial

randomnessmodel,andcomputesthescoreof apairof queryterms
in a documentasfollows:

score(d; p) =
1

tf np + 1
�
�

� log2 (l � 1)! + log2 tf np !

+ log2(l � 1 � tf np )!

� tf p log2(pp ) (13)

� (l � 1 � tf np ) log2(p0
p)

�

wherepp = 1
l � 1 andp0

p = 1 � pp . We referto this binomialDFR
modeldescribedin Equation(13)aspBiL2.

3. TERABYTE TRACK
In theTREC2006TerabyteTrack,we participatein theAdhoc

andNamedPageFindingtasks.
Weindex the.GOV22 collectionusingTerrier[16], in sevenparts

(eachpart having an averagesizeof 3.6 million documents).To
supportour investigationinto theuseof document�eld evidencein
retrieval, eachof thesevenpartsconsistsof threeinverted�les, one
for eachof the following document�elds: body, title, andanchor
text. Standardstopwords are removed from eachindex. We ap-
ply Porter's full stemmingfor ourAdhocexperiments,andPorter's
weak stemmingfor our NamedPageFinding experiments. Our
choiceof stemmingis justi�ed by theobservation thatweakstem-
ming,beinglessaggressive thanfull stemming,is bettersuitedfor
high-precisiontasks,suchasNamedPageFinding.

Following our experimentsin the TREC 2005 Terabytetrack
[10], we usea distributedversionof Terrier to reduceup retrieval
time. In TREC2006,we useonebroker, andsevenqueryservers,
eachservingoneindex part. Moreover, a global lexicon is created
in orderto speedup theretrieval process,particularlyfor queryex-
pansion.

In theAdhoctask,weadopta dualapproachthatgenerallyaims
to boostqueryinformativenesson onehand,andreducenoiseon
the otherhand. We boostqueryinformativenessby incorporating
differentcombinationsof document�eld evidenceinto our query
expansionmechanism.We reducenoiseusingpart-of-speechevi-
dence.Speci�cally, we investigatethefollowing hypotheses:

H1 For thequeryexpansionmechanismon�elds, thelinearcom-
binationof �elds canprovide a betterretrieval performance,
thantheuniform combinationof �elds (Section3.1.1).

H2 In a collectionof documents,low frequency part-of-speech
n-gramscorrespondto noisy sequencesof words,which if
removed,canenhanceretrieval performance(Section3.1.2).

In the NamedPageFinding task,we investigatea new way of
modellingtermoccurrencein document�elds, anda novel theore-
tically-foundedapproachfor combiningmultiple sourcesof query
independentevidence.More speci�cally, we testthefollowing hy-
potheses:

H3 Modelling thedistribution of termoccurrencesin document
�elds asa multinomial distribution is a theoretically-sound
androbustapproach,which performsat leastcomparablyto
other�eld-basedweightingmodels(Section2.2).

H4 Modelling the dependenceandproximity of querytermsin
documentscanenhanceretrieval effectiveness(Section2.3).

2Informationon .GOV2 canbefoundfrom
http://ir.dcs.gla.ac.uk/testcollections/gov2-summary.htm



H5 Using the conditional combinationof multiple sourcesof
query independentevidence,in the form of prior probabil-
ities, can improve retrieval performanceover using either
sourceof evidencealone(Section3.2.1).

Theremainderof Section3 is organisedasfollows. Section3.1
presentsthelinearcombinationof �elds for queryexpansion(Sec-
tion 3.1.1),andsyntactically-basednoisereduction(Section3.1.2).
Section3.1.3presentsourAdhocexperiments.Section3.2presents
ourparticipationin theTREC2006NamedPageFindingtask,with
an introduction of the techniquestestedin Section3.2.1, and a
discussionof the experimentsin Section3.2.2. Section3.3 sum-
marisesour participationin the TREC 2006TerabyteTrack,with
conclusionsandlessonslearnt.

3.1 Adhoc Task
In TREC2006we extendour Terrierretrieval platformandim-

plementtwo retrieval performanceenhancingtechniques,namely
(i) queryexpansion,which combinesdocument�elds in a linear
way, and(ii) syntactically-basednoisereduction,which is applied
to long queriesand the index. We experimentwith short (Title),
and long (Title + Description+ Narrative) queries,andreporton
our results.

3.1.1 QueryExpansiononDocumentFields
Continuingourexperimentationin theTREC2005TerabyteAd-

hoc task, we aim to further improve our query expansionmech-
anismon document�elds, by appropriatelycombining�eld evi-
denceavailable in corpora(hypothesisH1, Section3). This �ne-
grainedquery expansionmechanismusesstatisticsfrom various
document�elds, suchasthe title, theanchortext of the incoming
links, and the body of documents.In TREC 2005,we applieda
uniform combinationof evidencefrom different document�elds
(QEFU)[10]. In TREC2006,wereplacethisuniformcombination
with a morere�ned linearcombinationof evidencefrom different
weighted�elds (QEFL).

Our queryexpansionmechanismon document�elds is built on
top of the Bo1 term weightingmodel [1], which is basedon the
Bose-Einsteinstatistics.Usingthismodel,theweightof a termt in
theexp doctop-rankeddocumentsis givenby:

w(t) = tf x � log2
1 + Pn

Pn
+ log2(1 + Pn ) (14)

whereexp docusuallyrangesfrom 3 to 10[1]. Anotherparameter
involvedin thequeryexpansionmechanismis exp ter m, thenum-
ber of termsextractedfrom the exp doc top-ranked documents.
exp ter m is usuallylargerthanexp doc[1]. Pn is givenby F

N ; F
is thefrequency of thetermin thecollection,andN is thenumber
of documentsin the collection; tf x is the frequency of the query
termin theexp doctop-rankeddocuments.

We extend the above Bo1 term weighting model to deal with
document�elds by a linearcombinationof the frequenciesof the
querytermin different�elds:

tf x =
X

f

wqf � tf xf (15)

We call the term weightingmodel in Equation(14), wheretf x is
givenby Equation(15), theBo1Ftermweightingmodel. In Equa-
tion (15),wqf is theweightof a �eld f in theexp doc top-ranked
documents,whichre�ects therelative importanceof theassociated
�eld in the top-ranked documents. tf xf is the frequency of the
querytermin �eld f of theexp doctop-rankeddocuments.

Terrieremploys a parameter-freefunctionto determineqtw , the
querytermweightof aqueryterm,which is givenasfollows:

qtw =
qtf

qtf max
+

w(t)
lim F ! tf x w(t)

(16)

= Fmax log2
1 + Pn;max

Pn;max
+ log2(1 + Pn;max )

whereqtf is thequerytermfrequency of termt, andqtf max is the
maximumqtf amongall the querytermsin the expandedquery;
lim F ! tf x w(t) is the upperboundof w(t); Pn;max is given by
F max =N , whereF max is theF valueof thetermwith themax-
imum w(t) in theexp doc top-rankeddocuments.If a queryterm
doesnot appearin themostinformative termsfrom thetop-ranked
documents,its querytermweightremainsequalto theoriginalone.
Theaboveformulais parameter-freein thesensethattheparameter
in Rocchio's queryexpansionfunction[24] hasbeenomitted.

Usinga �eld-basedweightingmodel,e.g. PL2F (Equations(1)
and(3)), togetherwith Bo1F, therearesix �eld weightsinvolved,
namelytheweights(wf ) of thethreedocument�elds in theweight-
ing model,andthe weights(wqf ) of the threedocument�elds in
Bo1F. Sinceit would be very time-consumingto optimiseall of
thesesix �eld weights,we make the following assumptionsto re-
ducethenumberof �eld weightsto two:

1. For a given �eld f , we assumethatwf = wqf . This is rea-
sonablebecausetheweightof a �eld re�ects thecontribution
of the �eld to the documentranking,which shouldbe con-
sistentin bothretrieval andqueryexpansion.

2. Following [10] and[23] , wesettheweightof thebody�eld
to 1.

By makingtheabove two assumptions,wereducethenumberof
�eld weightsfrom six to two, namelytheweightsof theanchortext
andtitle �elds. In addition,we applythesimpli�ed Normalisation
2FSin Equation(5), insteadof Normalisation2F in Equation(3),
sothatwe have only onec hyper-parameter.

In orderto train thehyper-parameterc, the�eld weights,andthe
parametersexp docandexp ter m, weadopttwo differenttraining
strategies.The�rst trainingstrategy (T1) optimisestheparameters
over all the 100old topicsusedin the TREC 2004and2005Ter-
abyteAdhoc tasks.The parametervaluesthatgive the bestMAP
areused.Thesecondtrainingstrategy (T2) splitsthese100old top-
ics into two parts. Eachpart consistsof the 50 topicsusedin the
TREC2004or 2005TerabyteAdhoctask.T2 optimisestheparam-
etersover eachof the two partsof the old topics. Theaverageof
theoptimisedparametervaluesfor thetwo partsof theold topicsis
used.We expectT2 to resultin a betterretrieval performancethan
T1 becauseT2 preventsthetrainingprocessfrom beingbiasedto-
wardsthesetof topicsthatperformsbetter. Indeed,on theTREC
2005topicsit is easierto achieve high retrieval performancethan
for theTREC2004topics.

3.1.2 SyntacticallybasedNoiseReduction
Thissectiondescribesourtechniquefor reducingestimatednoise

from longqueriesanddocuments.Weusepart-of-speech(POS)n-
grams[3, 7] to detectnoisein text.

POSn-gramsaren-grams(or blocks)of partsof speech,which
areextractedfrom a POS-taggedsentencein a recurrentandover-
lappingway. For example,for a sentenceABCDEFG,whereparts
of speechare denotedby the single lettersA, B, C, D, E, F, G,
andwherePOSn-gramlength l = 4, the POSn-gramsextracted
areABCD, BCDE,CDEF, andDEFG.Theorderin which thePOS



NoiseReduction �
POSn-grams

Reduction
extractedfrom

N Rq uniform
50 WT10G 47.22%y
10 .GOV2 63.13%y

N Rq : querylength� 40 50 .GOV2
63.69%yN Rq : querylength50 � 100 10 .GOV2

N Rq : querylength> 100 5 .GOV2
N R i index 17,070 WT10G 9.39%z

Table 1: Syntactically-basedNoiseReduction Settings. � dis-
plays the value of the thr eshold in the POS n-gram ranking
used.y and z denotereduction in query length (in tokens)and
in documentpointers in the postingslist, respectively.

n-gramsoccur in the sentenceis ignored. For eachsentence,all
possiblePOSn-gramsareextracted.

Our techniqueis basedon the fact that high-frequency POSn-
gramscorrespondmostly to sequencesof wordsthat includerela-
tively little noise,whereaslow-frequency POSn-gramscorrespond
mostlyto sequencesof wordsthatincluderelatively morenoise[7].
To testthehypothesisthat reducingnoisefrom text usingPOSn-
gramscan enhanceretrieval performance(H2, Section3), �rstly
we reduceestimatednoisefrom long queriesin order to enhance
retrieval performanceby providing more informative queries[9].
Wereferto thisasN Rq . Secondly, wereduceestimatednoisefrom
thecollectionbeforeit is indexed,in orderto improveretrieval pre-
cision,atno detrimentalcostto retrieval recall[8]. Wereferto this
asN R i . The only resourcesneededarea POStaggeranda col-
lectionof documents.This canbeany collectionof documentsof
a reasonablesize[9], notnecessarilythecollectionfrom which we
retrieve relevantdocuments.

Our methodologyis asfollows. We extractPOSn-gramsfrom
a collectionof documentsandcounttheir frequency. We refer to
thesePOSn-gramsasglobal POSn-grams. We rank theseglobal
POSn-gramsaccordingto their frequency in thecollection(in de-
creasingorder). We refer to this ranked list asglobal list. We em-
pirically seta cutoff threshold� of POSn-gramrank in theglobal
list andweassumethateverythingbelow thisthresholdcorresponds
to estimatednoise(Figure1). We extract POSn-gramsfrom the
text we wish to process,i.e. a long query(for N Rq), or a docu-
mentfrom the collectionto be indexed (for N R i ). For eachPOS
n-gramdrawn from thetext, wedetermineits positionin theglobal
list. Whenever thisrankis below thethreshold,weremovethePOS
n-gramandits correspondingsequenceof wordsfrom thequeryor
thedocument,regardlessof any otherPOSn-gramsthatoverlapit.

mostfrequentPOSn-grams

rank1

leastfrequentPOSn-grams
rankn

threshold�

ranked
P

O
S

n-gram
s

?

Figure1: POSn-grams rankedby fr equency.

In N Rq , we reduceestimatednoisefrom long queriesin two
ways: �rstly , uniformly for all queries(N RqU); andsecondly, in-

dividually on a perquerybasis(N RqL ). For N RqU, we usethe
samethreshold� for all queries.For N RqL , we usedifferentval-
uesof � accordingto query length. The intuition behindvarying
noisereductionaccordingto query length is that the shorterthe
query, thelessnoiseit is likely to contain.Thevaluesof � accord-
ing to differentquerylengthsusedaredisplayedin Table1.

In N R i we reduceestimatednoisefrom the index from which
relevant documentsare retrieved. Again, we set the threshold� ,
so that everythingbelow � is considerednoisy andremoved. We
remove POSn-gramsin a uniform way, i.e. by setting� to the
samevaluefor all documents(Table1).

After noisehasbeenreducedusing either of the noisereduc-
tion techniquesdescribedabove,we treatthequeryor index aswe
would normally treat them. We usethe TreeTagger3 for the POS
taggingof WT10Gand.GOV2. ThePOSn-gramsextractedfrom
thesecollectionsprovide uswith two separateglobal lists of POS
n-grams. Overall we extract 25,070POSn-gramsfrom WT10G
and47,018POSn-gramsfrom .GOV2. We usethePOSn-grams
extractedfrom WT10Gor .GOV2 to reducenoisefrom thequeries,
andthePOSn-gramsextractedfrom WT10Gto reducenoisefrom
the index of .GOV2. We notethat thereis not muchdifferencein
thePOSn-gramrankingbetweenthetwo collections.

3.1.3 ExperimentsandResults
We submitted� ve runsto theAdhoctask.The�rst two submit-

tedrunstestthequeryexpansionmechanismon�elds with two dif-
ferenttrainingstrategies,respectively (asdescribedin Section3.1.1).
The third submittedrun teststhe queryexpansionmechanismon
�elds with the �rst training strategy (T1), aswell asnoisereduc-
tion from long queries.Thelast two submittedrunstestthequery
expansionmechanismon the body of documentsonly, with noise
reductionfrom long queriesandtheindex. Our collective submit-
tedruns,andtheir salientfeatures,aresummarisedin Table2. The
parametervaluesusedin our submittedrunsaregiven in Table9.
A full descriptionof thesubmittedrunsfollows.

� uogTB06QET1usesthe PL2FS weighting model with the
simpli�ed Normalisation2FS; appliesquery expansionon
�elds (QEFL) using the Bo1F term weightingmodel,with
trainingmethodT1, on shortqueries.

� uogTB06QET2usesthe PL2FS weighting model with the
simpli�ed Normalisation2FS; appliesquery expansionon
�elds (QEFL) using the Bo1F term weightingmodel,with
trainingmethodT2, on shortqueries.

� uogTB06S50LusesthePL2FSweightingmodelwith thesim-
pli�ed Normalisation2FS;appliesqueryexpansionon �elds
(QEFL)usingtheBo1Ftermweightingmodel,with training
methodT1, on longqueries;appliesuniformnoisereduction
from the queries(N RqU), with POSn-gramsdrawn from
WT10G,and� = 50.

� uogTB06SS10LusesthePL2weightingmodelwith Normal-
isation 2; appliesquery expansionon the documents(QE)
usingtheBo1termweightingmodel,onlongqueries;applies
uniformnoisereductionfrom thequeries(N RqU), with POS
n-gramsdrawn from .GOV2, and� = 10; appliesnoisere-
ductionin the index (N R i ), with POSn-gramsdrawn from
WT10G,and� = 17; 070.

� uogTB06SSQLusesthePL2 weightingmodelwith Normal-
isation 2; appliesquery expansionon the documents(QE)

3Details on the taggerparametersand tagsetusedcan be found
in [7]



Run WeightingModel Retrieval Features Settings TopicFields

uogTB06QET1 PL2FS(Eq.1 & 5) Bo1F(Eq.14& 15) QEFL:TrainingT1 T
uogTB06QET2 PL2FS(Eq.1 & 5) Bo1F(Eq.14& 15) QEFL:TrainingT2 T
uogTB06S50L PL2FS(Eq.1 & 5) Bo1F(Eq.14& 15),querynoisereduction QEFL:TrainingT1, NRqU TDN
uogTB06SS10L PL2(Eq.1 & 4) Bo1 (Eq.14),query& index noisereduction NRqU, NRi U TDN
uogTB06SSQL PL2(Eq.1 & 4) Bo1 (Eq.14),query& index noisereduction NRqL, NRi U TDN

Table 2: Salient featuresof submitted Adhoc runs.

using the Bo1 term weightingmodel,on long queries;ap-
plies noisereductionper query length (N RqL ), with POS
blocksdrawn from .GOV2. For queriesof lessthan40words
� = 50; for queriesof 41 - 100words,� = 10; for queries
of morethan100words,� = 5 (seeTable1). Appliesnoise
reductionin theindex (N R i ), with POSn-gramsdrawn from
WT10G,and� = 17; 070.

For ourqueryexpansionmechanismon �elds, Table3 compares
the useof the linear combinationof �elds (QEFL) with the use
of the uniform combinationof �elds (QEFU). The relatedaddi-
tional runs correspondingto training methodT1 (resp. T2) use
the sameparametervaluesapplied in run uogTB06QET1(resp.
uogTB06QET2)(seeTable 9). In Table 3, we seethat the two
different training methodshave little impact on retrieval perfor-
mance.Both trainingmethodsresultin similarMAP performances
for bothQEFL andQEFU.Moreover, we observe thatQEFL out-
performsQEFUfor both the50 new topics,andall the150topics
used. This indicatesthat our newly proposedlinear combination
of �elds achievesa betterretrieval performancethanthe uniform
combinationof �elds.

In Table4 weseethatreducingestimatednoisefrom thequeries
improvesretrieval performance,comparedto usingnonoisereduc-
tion, without queryexpansion(top partof Table4, �rst row). The
parametervaluesof therelatedadditionalrunsarethesameasthose
usedin run uogTB06S50L(seeTable 9). With query expansion
on the body of documentsonly, query noisereductionresultsin
slightly worseretrieval performance,comparedto usingqueryex-
pansionwithout noiseremoval (secondpartof Table4, �rst row).
Thiscouldbedueto thefactthatwehave trainedourqueryexpan-
sionmechanismon long queriesbeforenoisereduction,but noton
long queriesafternoisereduction.Querynoisereductionreduces
query length (from 47.22%to 63.69%,Table 1, column Reduc-

Training QEFU QEFL diff. (%) p-value
50New topics

T1 0.3220 0.3459 +7.42 0.3396
T2 0.3248 0.3456 +6.40 0.1549

All 150topics
T1 0.3335 0.3558 +6.69 3.756e-04
T2 0.3338 0.3594 +7.67 9.001e-03

Table 3: MAP of the linear combination of �elds vs. the uni-
form combination of �elds. Title-only queries. The weight-
ing model used is PL2F, with Bo1F for query expansion on
�elds. QEFL+T1 (resp. QEFL+T2) correspondsto our of�cial
run uogTB06QET1(resp.uogTB06QET2).Submitted runs are
in boldface. QEFU+T1 and QEFU+T2 are baselinesfor com-
parison with QEFL. p-values are computed by the Wilcoxon
matched-pairssigned-rankstest.

tion, markedy). Retrainingthequeryexpansionmechanismon the
reducedqueriescouldprovide fairergroundsfor comparingtheef-
fect of querynoisereductionwith queryexpansion.Additionally,
in Table4, weseenomarkeddifferencebetweenusingquerynoise
reductionwith queryexpansiononthebodyof thedocumentsonly,
andusingquerynoisereductionwith queryexpansiononmoredoc-
ument �elds. Finally, we observe that removing noisefrom the
index slightly damagesMAP. However, it appearsto bene�t high-
precisionretrieval, asit providesthe2ndhighestP@10scoreof all
of�cial runsof all groups,namelyP@10= 0.6720.

3.2 NamedPageFinding Task
Theobjectiveof theNamedPageFindingtaskis to �nd aparticu-

lar page,givena topic thatdescribesit. A high precisiontasksuch
asthis canbene�t from deploying a �eld-basedweightingmodel
thattakesintoaccountdocumentstructure.ForTREC2006,wetest
modellingthe distribution of term occurrencesin document�elds
asamultinomialdistribution(hypothesisH3),usingournew multi-
nomial�eld-basedDFRweightingmodel,ML2 (Section2.2,Equa-
tion (9)). Furthermore,we model term dependenceandproxim-
ity (hypothesisH4) usingthepBiL2 binomialmodel(Section2.3,
Equation(13)). Lastly, we investigatea novel approachfor com-

N Rq N R i Features MAP P@10 bPref

none none 0.3355 0.6240 0.3772
U-WT10G none 0.3613 0.6320 0.4023
U-GOV2 none 0.3409 0.6240 0.3813
L-GOV2 none 0.3485 0.6400 0.3891

none none QE 0.3966 0.6680 0.4446
U-WT10G none QE 0.3853 0.6640 0.4399
U-GOV2 none QE 0.3806 0.6460 0.4325
L-GOV2 none QE 0.3898 0.6540 0.4423
U-GOV2 WT10G QE� 0.3686 0.6540 0.4290
L-GOV2 WT10G QE
 0.3728 0.6720 0.4404

none none QEFL 0.3878 0.6560 0.4398
U-WT10G none QEFL� 0.3893 0.6580 0.4411
U-WT10G none QEFL 0.3770 0.6380 0.4177
L-WT10G none QEFL 0.3804 0.6460 0.4257

Table 4: MAP, P@10,and bPref of Adhoc runs with Title +
Description + Narrati ve queries. The weighting model is PL2
(PL2F with �elds) and Bo1 for query expansion (Bo1F with
�elds). � is our of�cial submitted run uogTB06S50L.
 is our
of�cial submitted run uogTB06SS10L.� is our of�cial submit-
ted run uogTB06SSQL.N Rq and N R i denotenoisereduction
in the query and the index, respectively. U and L denoteuni-
form noisereduction and reduction per query length, respec-
tively. QE is query expansionon body only (QE F L is query
expansionon �elds). Submitted runs areshadedandbestscores
are in bold.



bining sourcesof queryindependentevidence,in theform of prior
probabilities(hypothesisH5), which is describedin Section3.2.1.
We describeanddiscussour experimentalrunsin Section3.2.2.

3.2.1 QueryIndependentPrior Probabilities
Varioussourcesof query-independentevidence,in the form of

prior probabilities,have beenshown to be importantfor Web IR
[6]. In this paper, weconsiderthefollowing threesourcesof query
independentevidence:(i) the information-to-noiseratio of a doc-
ument [26], (ii) the staticabsorbingmodel [20], which is a way
of providing authorityto documentson thebasisof their incoming
links, and(iii) thenumberof incominglinks to eachdocument(in-
links). Whenusingquery independentevidencefor retrieval, the
relevancescoreof a retrieveddocumentd for a queryQ is altered
in orderto take thedocumentprior probability into accountasfol-
lows:

score(d; Q) = score(d; Q) + log(P (E )) (17)

whereP(E ) is theprior probabilityof thequeryindependentsour-
ceof evidenceE in documentd.

However, it is not clearhow several documentpriorsshouldbe
combinedin a principledway. In particular, someprevious work
consideredthepriorsto beindependent[6], while otherhand-tuned
linearcombinationsof priors[15]. Moreover, theindependenceas-
sumptiondoesnot alwayshold: For example,considertheabsorb-
ing modelandinlinks priors - while both of thesepriors increase
retrieval accuracy, they arelikely to becorrelated,becausea docu-
mentwith a high numberof inlinks is likely to have a high absorb-
ing modelscore.Therefore,to combineseveralprior probabilities
in a principledmanner, we proposea novel combinationof prior
probabilities.Thecombinationof prior probabilitiesis givenby:

P (E1 ; E2) = P (E2 jE1) � P (E1) (18)

whereP(E1) is thepriorprobabilityof thequeryindependentsour-
ceof evidenceE1 ; P (E2 jE1) is theconditionalprobabilityof the
queryindependentsourceof evidenceE2 , givenE1 ; P (E1; E2) is
theprobability thatbothE1 andE2 occur[17]. Naturally, we can
canextendthis techniquefor morethantwo priors.

Whenusingthe combinationof prior probabilitiesdescribedin
Equation(18)for retrieval, thescoreof aretrieveddocumentd for a
queryQ is altered,in orderto take thecombinedprior probabilities
into accountasfollows:

score(d; Q) = score(d; Q) + log(P (E1; E2)) (19)

3.2.2 ExperimentsandResults
Wesubmittedthreerunsto theTREC2006NamedPageFinding

task. The �rst run teststhe effectivenessof the new ML2 �eld-
basedDFR weightingmodel,describedin Section2.2. The sec-
ond run teststheeffectivenessof thepBiL2 term dependenceand
proximity model,describedin Section2.3. Thethird run teststhe
combinationof prior probabilitiesusingthesecondrunasbaseline.
A full descriptionof thesubmittedrunsfollows:

� uogTB06MusesthemultinomialDFRweightingmodelML2.

� uogTB06MPalsousesthemultinomialDFRweightingmodel
ML2, andaddsthe term dependenceand proximity model
pBiL2.

� uogTB06MPIAusesthe multinomialDFR weightingmodel
ML2 andthetermdependenceandproximity modelpBiL2,
while also combining information-to-noiseratio and static
absorbingmodelprior probabilities.

After submittingtheaboveof�cial runs,wediscoveredthatwhen
we approximatedthe ML2 �eld-basedweightingmodel,we used
the natural logarithm, insteadof the correctlog2 in the Lanzcos
approximationof the � function. We retrainedand repeatedthe
submittedrunswith thecorrectlogarithm. Table10 givesthe pa-
rametersettingsappliedin thistask.Moreover, Table5 displaysthe
MeanReciprocalRank(MRR) of theof�cial submittedruns,and
their replacementruns with the correctedlogarithm. In addition
to the runssubmitted,we alsoexperimentedwith usinga differ-
ent �eld-basedweightingmodel,namelyPL2F, aswell asapply-
ing eachof thethreesourcesof queryindependentevidencealone,
(usingEquation(17)), insteadof combinedasper Equations(18)
& (19).

Theconclusionswedraw from Table5 areasfollows. Firstly, re-
gardingour hypothesisH3, concerningmodellingthe distribution
of term occurrencesin document�elds asa multinomial distribu-
tion, we observe that ML2 (uogTB06M)performscomparablyto
PL2F (uogTB06PL).This meansthat ML2 is not only an elegant
andtheoretically-soundmodel,butalsoareadilydeployablemodel,
onaparwith existingstate-of-the-art�eld-basedweightingmodels,
suchasPL2F, despiteML2 employing lessparametersthanPL2F.

Secondly, modellingtermproximityappearstoassisttheretrieval
process.In particular, applyingproximity to our baselinesof uog-
TB06M anduogTB06PLincreasesMRR (seeuogTB06MPwith
MRR 0.466anduogTB06PLPwith MRR 0.478respectively). This
validatesour hypothesisH4 on theusefulnessof termdependence
andproximity in theNamedPageFindingtask.

Thirdly, regardingtheapplicationof prior evidence,we seethat
all threepriors appliedalone- namely information-to-noise,ab-
sorbingmodelandinlinks - decreaseperformancecomparedto the
baseline(comparinguogTB06MI,uogTB06MAanduogTB06ML
to uogTB06Mrespectively). However, regardinghypothesisH5 on
the combinationof query-independentevidence,we observe that
retrieval performancecan be improved if we chooseappropriate
documentpriors (uogTB06MIL). In particular, MRR is improved
over the useof no priors (uogTB06M),aswell asover the useof
any singleprior alone(uogTB06MIor uogTB06ML).

Lastly, usingbothtermproximity andtheappropriatedocument
priors, we seethat retrieval performanceis againenhancedcom-
paredto thebaselineandthecombinationof priors. In particular,
theunof�cial run uogTB06MPILachievesa 5% increasein MRR
over our bestsubmittedrun (uogTB06MP).

3.3 TerabyteTrack Conclusions
In the 2006TerabyteTrack, we participatedin the Adhoc and

NamedPageFinding tasks. We extendedour modularTerrier re-
trieval platform,andtestedthe following hypotheses.For theAd-
hoc task,we hypothesisedthat, for queryexpansionon document
�elds, the linearcombinationof �elds canprovide betterretrieval
performance,thantheuniformcombinationof �elds. Wetestedthis
hypothesiswith shortqueries(Section3.1.3,Table3), andfound
it to be valid. For the sametask, we hypothesisedthat low fre-
quency part-of-speechn-gramsfoundin text, correspondmostlyto
noise,which if removed, canenhanceretrieval performance.We
testedthis hypothesison long queriesand on the test collection
to be indexed, and found it to be valid whenqueryexpansionis
not applied(Section3.1.3,Table4). Queryexpansioncombined
with noisereductionleadto a small deteriorationin retrieval per-
formance,which could be dueto the effect of noisereductionon
querylength(for noisereductionfrom thequeries).For theNamed
PageFindingtask,wetestedthehypothesesthat: (i) modellingin a
re�ned waythedistributionof termoccurrencesin document�elds,
namelyasa multinomialdistribution, is a theoretically-soundand



RunName Submitted Correctedlog

Weightingmodelonly

uogTB06M 0.448 0.449
uogTB06PL 0.454

Proximity

uogTB06MP 0.466 0.467
uogTB06PLP 0.478

SinglePriors

uogTB06MI 0.440
uogTB06MA 0.431
uogTB06ML 0.422

CombinedPriors

uogTB06MIA 0.413
uogTB06MIL 0.465

Proximity + Priors

uogTB06MPIA 0.463 0.454
uogTB06MPIL 0.489

best 0.7779
median 0.3706

Table 5: MRR of the NamedPageruns. Submittedare the of�-
cial submitted runs. Correctedlog are the sameruns, using the
correct logarithm function. The �eld-based weighting models
used are ML2 (denoted by M ), and PL2F (denoted by PL ).
Term dependenceand proximity is denotedby P . I , A and L
denote the priors of information-to-noise ratio, static absorb-
ing model and inlinks, respectively. bestand median are the
bestandmedianruns submittedamongall participants, respec-
tively. Submitted runs are shaded.Our bestrun is in boldface.

robust approach,which performscomparablyto other �eld-based
weightingmodels;(ii) modellingthedependenceandproximity of
querytermsin documentscanenhanceretrieval performance;(iii)
usinga conditionalcombinationof multiple sourcesof query in-
dependentevidence,in theform of prior probabilitiescanimprove
retrieval performance,over usinga singlesourceof suchevidence.
We found hypotheses(i) and(ii) to be valid (Section3.2.2,Table
5), while furtherwork is neededto establishthebestcombination
of priors.

4. ENTERPRISE TRACK
In TREC 2006,we participatein the ExpertSearchtaskof the

Enterprisetrack, wherewe aim to develop andexperimentusing
our novel voting model for Expert Search[14]. Firstly, a set of
documentsis associatedwith eachcandidateto representthecandi-
date'sexpertiseto thesystem.Thenourvotingmodelconsidersthe
rankingof documentswith respectto thequery, in orderto generate
anaccuraterankingof candidates.For TREC2006,weexperiment
to validatethefollowing hypotheses:

1. CandidateLengthNormalisation:thepro�les of candidates
can be of variouslengths. We hypothesisethat our voting
model requiresto accountfor candidatepro�les of varying
lengths.

2. DocumentRanking: in our voting model, we hypothesise
thattheaccuracy of thecandidaterankingmodeldependson
the extent to which documentsretrieved by the underlying
documentrankingrepresentsthetopic.

To validateour two hypotheses,our researchis directedin two
areas:�rstly , weproposeandintegrateinto thevotingmodelanew
theoretically-driven way of combiningdocumentvotesfor candi-
dates,thataccountsfor thelengthof eachcandidate's pro�le; sec-
ondly, to testour documentrankinghypothesis,we employ three
techniques,namely(i) the useof a �eld-basedweightingmodel;
(ii) queryexpansion;and(iii) the termdependenceandproximity
model. Thesetechniquesshouldincreasethe quality of thedocu-
mentranking,andwe hypothesisethat the accuracy of the gener-
atedcandidaterankingwill alsobeincreased.

Theremainderof thissectionis asfollows: Section4.1describes
our voting approachfor ExpertSearch;Section4.2 discussesthe
needfor candidatepro�le lengthnormalisationin ExpertSearch;
Section4.3 describesthe effect of the documentranking in the
voting approach,andde�nes techniqueswhich canbe appliedto
increasethe quality of the documentranking. In Section4.4, we
presenttheexperimentalsetupfor ourruns.Wediscussthesubmit-
tedrunsandtheir resultsin Section4.5.Wepresentadditionalruns
in Section4.6,andgive someclosingcommentsin Section4.7.

4.1 Voting Approachesfor Expert Search
Ournewly-proposedapproachmodelsExpertSearchasavoting

process[14]. In our model,a candidate's expertiseis represented
by a pro�le, which is a setof documentsassociatedwith eachcan-
didate,to representthatcandidate's expertise.

In our voting modelfor ExpertSearch,insteadof directly rank-
ing candidates,weconsidertherankingof documents, with respect
to thequeryQ, whichwe denoteR(Q). Weproposethattherank-
ing of candidatescan be modelledasa voting process,from the
retrieved documentsin R(Q) to the pro�les of candidates:every
time a documentis retrieved and is associatedwith a candidate,
thenthis is a vote for that candidateto have relevant expertiseto
Q. Thevotesfor eachcandidatearethenappropriatelyaggregated
to form a rankingof candidates,takinginto accountthenumberof
votingdocumentsfor thatcandidate,andtherelevancescoreof the
votingdocuments.Ourvotingmodelis extensibleandgeneral,and
is notcollectionor topicsdependent.

In [14], we de�ned eleven voting techniquesfor aggregating
votesfor candidates,adaptedfrom existing datafusiontechniques.
ForTREC2006,weexperimentusingtwo votingtechniques,namely
CombSUM and expCombMNZ. For CombSUM,the scoreof a
candidateC's expertiseto a queryQ is givenby:

score candC ombS U M (C; Q) =
X

d 2 R ( Q ) \ pr of ile ( C )

score(d; Q) (20)

wherescore(d; Q) is thescoreof documentd in theinitial ranking
of documentsR(Q), as given by a suitabledocumentweighting
model. In all our runs,we usetheDFR InL2 documentweighting
model,or its �eld-basedvariant InL2F to generatescore(d; Q) -
seeEquations(2), (3) & (4).

Secondly, we apply the expCombMNZ voting technique. For
expCombMNZ,thescoreof acandidateC'sexpertiseto aqueryQ
is givenby:

score candexpC ombM N Z (C; Q) = kR(Q) \ prof il e(C)k

�
X

d 2 R ( Q ) \ pr of ile ( C )

exp(score(d;Q)) (21)

wherekR(Q) \ prof il e(C)k is the numberof documentsfrom
thepro�le of candidateC thatarein therankingR(Q). In thenext
section,weintroduceourcandidatelengthnormalisationtechnique
whichcanbeappliedto eitherthevoting techniques.



4.2 Candidate Length Normalisation for Ex
pert Search Voting approach

Documentlengthnormalisationhasbeenstudiedin IR for some
time, in orderto fairly retrieve documentsof all lengths.State-of-
the-artdocumentweightingmodels,suchasBM25 [22] or those
from the DFR framework (for instancePL2 or InL2) [1], all in-
cludedocumentlengthnormalisationcomponents.This normali-
sationcomponentpreventslong documentsfrom gaininganunfair
advantagein the documentranking. However, our voting model
maybesusceptibleto favouringcandidateswhichhavea largepro-
�le: considera candidatewith many associateddocumentsin its
pro�le - this candidatehasa higherchanceof achieving a vote at
randomfrom thedocumentranking,thananothercandidatethathas
a smallerpro�le with fewer associateddocuments.Hencewe hy-
pothesisethatweshouldaccountfor candidatelengthin ourmodel,
sothatcandidatesof all lengthsareretrievedfairly.

For TREC2006,we extendour modelto introducea new tech-
nique that explicitly accountsfor candidatepro�le length while
ranking candidates.We supplementa voting technique(denoted
M), by addinga candidatelengthnormalisation.This normalisa-
tion is an adaptionof Normalisation2 from the DFR framework
- seeEquation(4). Normalisation2 is usedto control any bias
towardscandidateswith longerpro�le lengths. The combination
of a techniqueM with candidatelengthnormalisationis denoted
MNorm2,andis calculatedasfollows:

score candM N or m 2(C; Q) = score candM (C; Q) �

log2(1 + cpr o �
avg len pro

lC
); (cpr o > 0) (22)

wherelC is thenumberin tokensin all thedocumentsbelongingto
thepro�le of candidateC, andavg len pro is theaveragelength
of all candidatepro�les, in tokens.cpr o is a hyper-parameter, used
to control the in�uence of normalisation.For TREC2006,we test
the useof candidatelength normalisationwith both CombSUM
andexpCombMNZ,denotedby CombSUMNorm2andexpComb-
MNZNorm2 respectively.

4.3 Effect of the DocumentRanking
In our voting approach,the quality of the documentranking

R(Q) directly affects how well the approachperforms. We hy-
pothesisethat if we areableto producea documentrankingwith
many on-topicdocumentsat thetop of thedocumentranking,then
we areableto accuratelyconvert therankingof documentsinto an
effective rankingof candidates.In TREC 2006,we test this hy-
pothesis,usingthreeretrieval techniquesto increasethequality of
thedocumentranking.

Firstly, we know that taking into accountthestructureof docu-
mentscanallow increasedprecisionfor documentretrieval, partic-
ularly on theW3C collection[12]. Hence,we applya �eld-based
weightingmodelfrom theDFR framework, to take a morere�ned
accountof eachdocument�eld into accountwhenrankingthedoc-
uments. Namely, we experimentwith applying the InL2F �eld-
basedweightingmodel(seeEquations(2) & (3)). Usingthisshould
increasethe numberof on-topicdocumentsat the top of the doc-
umentranking,comparedto usingthe InL2 model(Equations(2)
& (4)).

Secondly, we usethe novel informationtheoreticmodel,based
ontheDFRframework, for incorporatingthedependenceandprox-
imity of the query termsin the documents,as describedin Sec-
tion 2.3. We apply the term dependenceandproximity model to
improve the numberof on-topicdocumentsat the top of the doc-
umentranking, as we believe that on-topic documentswill have
term-dependenciesbetweenqueryterms,andby modellingthese,

we canbring theseto thetop of thedocumentranking. In particu-
lar, we usethepInL2 termdependenceandproximity model- see
Equation(12).

Thirdly, we investigatethe useof queryexpansion(QE) in the
expert searchsetting. We assumethat the top-ranked documents
in the documentrankingare on-topic to the expertisequery. By
performingqueryexpansionusingthesetop-rankeddocuments,we
aim to bring more on-topic documentsinto the documentrank-
ing [13].

Queryexpansionis appliedusingBo1(Equation(14)) to weight
termsfrom thetop exp doc rankeddocumentsin R(Q). For Bo1,
tf x is thetermfrequency of termt in thetop exp docrankeddoc-
uments.Theexp ter m top-ranked termsarethenaddedto query
Q andthedocumentrankingR(Q) regenerated.Weusethedefault
settingsof exp ter m = 10 andexp doc = 3 [1].

4.4 Experimental Setup
Weindex theW3CcollectionusingtheTerrierIR platform[16],

by removing standardstopwordsandapplyingPorter'sweakstem-
ming. Only documentswhich were associatedwith at leastone
candidatewere indexed, which leavesonly 52,129documentsin
the index. We alsoindex the anchortext of incominghyperlinks
from theentireW3Ccollectionandaddtheseto thedocuments.

We usedtwo techniquesto identify documentsfrom the W3C
collectionto associatewith candidatesto representeachcandidate's
expertise. As describedfor the Occurrencespro�le setsof our
TREC 2005 participation[10], we generatequerieswhich were
usedto identify documentsthat mentionedeachcandidate,based
on theoccurrencesof variationsof thecandidate's nameandemail
addressin thecollection.Thesedocumentsform theOccurrencesA
pro�le setof eachcandidate.All our of�cial runsusethis pro�le
set.

Secondly, we usethe Unix grep commandto identify docu-
mentsfrom thecollectionwhichcontainanexactmatchof thecan-
didate's full name.Eachmatchingdocumentis addedto thecandi-
date's pro�le, to form their OccurrencesBpro�le set. On average,
it appearedthattheOccurrencesBpro�le set�nds moredocuments
for eachcandidatethanOccurrencesA.Wenotethatthis is counter-
intuitive,asOccurrencesBshouldbea subsetof OccurrencesA,so
we theorisethat a bug affectedthe creationof OccurrencesAfor
TREC 2005. OccurrencesBis createdusinga simplerapproach,
thanOccurrencesA.

All our experimentswereperformedusingTerrier. We trained
usingthe50TREC2005Enterprisetrackqueries.Ouroptimisation
systemusessimulatedannealingprocessesto �nd settingsfor c and
cpr o thatmaximisemeanaverageprecision(MAP). Table11details
theparametervaluesusedfor theExpertSearchtaskin TREC2006.

4.5 Experiments and Results
We submitted4 runsto theExpertSearchtaskof theEnterprise

track,which testour two hypothesesfor this task.All of�cial runs
usedthe OccurrencesApro�le setsto representthe candidateex-
pertise,andonly the title �eld of the topics. The �rst threeruns
testour candidatelengthnormalisationtechnique.Moreover, they
eachtesta differentway of increasingthe topicality of the docu-
mentranking. Thefourth run is a baselinerun. More speci�cally,
we submittedthefollowing runs:

� uogX06csnPgeneratesa documentrankingusing the InL2
documentweightingmodel,andappliesourCombSUMNorm2
expertsearchtechniquedescribedabove. Moreover, thepInL2
termdependenceandproximity modelis appliedto increase
the topicality of the documentranking. This run teststhe
candidatelengthnormalisationtechnique,andusestermde-



RunName MAP bPref P@10
Best 0.7507 0.7542 -
Median 0.3412 0.3602 -
uogX06csnP 0.2881 0.3120 0.4510
uogX06csnQE 0.3024 0.3292 0.4429
uogX06csnQEF 0.3011 0.3208 0.4551
uogX06ecm 0.2685 0.2991 0.4143
uogX06csn 0.2784 0.3222 0.4224
uogX06csnF 0.2830 0.3195 0.4306

Table7: The meanaverageprecision(MAP), binary preference
(bPref), and precisionat 10 (P@10)of our submitted runs, as
well as that achieved by all participants, and two additional
runs. P@10achieved by all participants is not available. All
runs usethe OccurrencesApro�le sets,and title only topics.

pendenceto testthedocumentrankinghypothesis.

� uogX06csnQEalsoappliesInL2 andCombSUMNorm2,but
appliesqueryexpansionusingBo1 to increasethetopicality
of the documentranking. This run alsoteststhe candidate
lengthnormalisationtechnique,but usesQE to testthedoc-
umentrankinghypothesis.

� uogX06csnQEFis similar to uogX06csnQE,but insteadthe
documentrankingtakesdocumentstructureinto account,by
usingthe�eld-basedInL2F weightingmodel.This run tests
the candidatelengthnormalisationtechnique,and also ap-
plies�elds andQEto testthedocumentrankinghypothesis.

� uogX06ecmusestheexpCombMNZexpertsearchtechnique,
whichappliesnocandidatelengthnormalisation.

Table6 summariesthesalientfeaturesof eachsubmittedrun, and
someadditional runs that we will describein Section4.6. Ta-
ble 7 shows the resultsof the submittedruns, in termsof Mean
AveragePrecision(MAP), binaryPreference(bPref)andPrecision
at 10 (P@10). We also show the overall bestand medianruns
achieved acrossall participants,as well as two additionalbase-
line runs,namelyuogX06csnanduogX06csnF. uogX06csnis the
baselinerun usingInL2 andCombSUMNorm2;uogX06csnFuses
InL2F andCombSUMNorm2.

Addingtermdependenceto thebaselinerun(uogX06csnvsuog-
X06csnP)increasesretrieval performance,asdo �elds (uogX06-
csnF).In particular, addingQE(uogX06csnvsuogX06csnQE)pro-
videsthebestsubmittedrun. Note thatusingQE and�elds (uog-
X06csnQEF)doesnot increaseMAP or bPrefwhencomparedto
QE alone(uogX06csnQE),thoughPrecisionat 10 is improved.

4.6 Additional Runs
As explainedin Section4.4, it appearsthat our OccurrencesA

candidatepro�le setswasaffectedby a bug, anddid not contain
asmuchexpertiseevidencefor eachcandidateasOccurrencesB-
normally, OccurrencesBwould be expectedto be a subsetof Oc-
currencesA.

For ouradditionalruns,weuseonly theOccurrencesBcandidate
pro�le sets,and perform a selectionof runs using this, to allow
us to draw �rm conclusions,especiallyconcerningthe usefulness
of candidatelengthnormalisation.We alsoexperimentacrossall
threetopic lengths.Thesalientfeaturesof theadditionalrunsare
alsoshown in Table6.

The resultsin termsof MAP areshown in Table84. From the
shown results,we can seethat our MAP is markedly improved
4Notethatall runsusingOccurrencesBweremadeusinga full in-
dex of all 331,037documentsin theW3C collection. This should

RunName MAP
T TD TDN

uogX06cs 0.5319 0.5409 0.5491
uogX06csQE 0.5458 0.5435 0.5637
uogX06csF 0.5508 0.5394 0.5155
uogX06csQEF 0.5512 0.5564 0.5420
uogX06csn 0.4647 0.4747 0.4805
uogX06csnQE 0.4813 0.4842 0.4983
uogX06csnF 0.4994 0.5302 0.5115
uogX06csnQEF 0.5357 0.5405 0.5366
uogX06ecm 0.5430 0.5567 0.5746
uogX06ecmQE 0.5611 0.5511 0.5733
uogX06ecmF 0.5663 0.5628 0.5552
uogX06ecmQEF 0.5595 0.5634 0.5663
uogX06ecmn 0.5157 0.5264 0.5446
uogX06ecmnQE 0.5395 0.5337 0.5489
uogX06ecmnF 0.5469 0.5442 0.5285
uogX06ecmnQEF 0.5524 0.5595 0.5510
(Averages) 0.5341 0.5380 0.5400

Table 8: The mean averageprecision(MAP) of a selectionof
additional runs using the OccurrencesBcandidate pro�les set,
acrossall thr eetopic lengths.

by using the OccurrencesBcandidatespro�les set, comparedto
the submittedruns in Table 7. In particular, the performanceof
uogX06csnjumpsto MAP 0.4647usingshorttopics,anduogX06-
ecm to 0.5430. Applying either QE or �elds to either baseline
resultsin an improvementin termsof MAP. For example,com-
paringuogX06csnwith uogX06csnQE;uogX06csnwith uogX06-
csnF;anduogX06ecmwith uogX06ecmQE.In eachcase,apply-
ing a techniqueresultedin an increasein MAP, which validates
our documentranking hypothesis.Moreover, in most cases,ap-
plying two techniquesin runsuogX06csQEF, uogX06csnQEF, and
uogX06ecmnQEFimprovesoverapplyingeitherQEor �elds alone
(theexceptionshereareuogX06ecmQEFonshortandlongqueries,
anduogX06csQEFon long queries).This appearsto validateour
documentrankinghypothesis.Furtherimprovementsareobtain-
ableif theexp docandexp ter m parametersarevaried[13].

Next, we examinethe usefulnessof candidatelengthnormali-
sation. ComparinguogX06cswith uogX06csn,anduogX06ecm
with uogX06ecmn,shows a decreasein MAP acrossall threetopic
types.This is mirroredacrossotherruns- for instance,comparing
uogX06csQEFwith uogX06csnQEF. Notehowever thatdecreases
in MAP arelessmarkedwhenapplyingQEand�elds.

ComparingCombSUMandexpCombMNZ,wecanseethatexp-
CombMNZ is at leastasgoodas,andusuallybetterthanComb-
SUM. This mirrorsourevaluationusingTREC2005data[14].

Finally, we examinetheeffect of topic lengthon MAP. Onaver-
age,usingtitle descriptionandnarrativetopic�elds (TDN) is better
thantitle anddescription(TD), which is betterthantitle only (T).
However, themargins betweentopic typesarevery narrow, so no
solidconclusionscanbedrawn.

4.7 Expert Search TaskConclusions
Overall,wedemonstratedthatourexpertsearchmodelperforms

in a stablemanner.
With regardto our �rst hypothesis,werequirefurtherresearchto

establishtheusefulnessof candidatelengthnormalisationin expert
search.Candidatelengthnormalisationdid not appearto beuseful

have little effect on theresults,asunassociateddocumentsarenot
consideredby thevoting techniquesfor rankingtheexperts.



RunName WeightingModel OtherRetrieval Techniques Voting Approach TopicsFields

Submitted
uogX06csnP InL2 (Eqs.(2)&(4)) TermDependencepInL2 (Eqs.(12)&(4)) CombSUMNorm2 T
uogX06csnQE InL2 QueryExpansion CombSUMNorm2 T
uogX06csnQEF InL2F (Eqs.(2)&(3)) QueryExpansion CombSUMNorm2 T
uogX06ecm InL2 - expCombMNZ T

Additional
uogX06cs InL2 - CombSUM -
uogX06csQE InL2 QueryExpansion CombSUM -
uogX06csQEF InL2F QueryExpansion CombSUM -
uogX06csF InL2F - CombSUM -
uogX06csnF InL2F - CombSUMNorm2 -
uogX06ecmQE InL2 QueryExpansion expCombMNZ -
uogX06ecmF InL2F - expCombMNZ -
uogX06ecmQEF InL2F QueryExpansion expCombMNZ -
uogX06ecmn InL2 - expCombMNZNorm2 -
uogX06ecmnQE InL2 QueryExpansion expCombMNZNorm2 -
uogX06ecmnF InL2F - expCombMNZNorm2 -
uogX06ecmnQEF InL2F QueryExpansion expCombMNZNorm2 -

Table 6: Salient featuresof submitted and additional runs of the expert search task of the Enterprise track.

on theOccurrencesBset.Furtherexperimentationusingadditional
candidatepro�le setswould providesolidconclusions.

With regardto our documentrankinghypothesis,this seemsto
bevalidated,becauseapplyingknown techniquesfor increasingthe
quality of the documentranking were shown to increasethe re-
trieval performanceof therankingof candidates.Moreover, on the
OccurrencesBcandidatepro�le sets,applyingmorethanonetech-
nique(�elds andqueryexpansion)resultedin a improvementover
eithertechniquealonein mostcases.

Our resultsshow that the exact techniqueappliedto associate
documentsto candidateto representtheir expertisehasa marked
effect on the retrieval performanceof the system. Choosingthe
correctcandidatepro�le setresultsin a marked increasein perfor-
manceof ourexpertsearchsystemcomparedto oursubmittedrun,
andthemedianrunof all participants.

5. CONCLUSIONS
In TREC 2006,we participatedin the Adhoc andNamedPage

Finding tasksof theTerabytetrack,andtheExpertSearchtaskof
theEnterprisetrack. Having sucha varietyof retrieval tasksto ad-
dress,rangingfrom classicaladhocretrieval, to enterprise-oriented
expert seach,we focussedon devising new, theoretically-driven,
andeffective weightingmodelsandretrieval boostingtechniques,
which would begenericenough,soasto beeasilyandeffectively
appliedin asmany retrieval tasksaspossible.Speci�cally, we ex-
tendedourTerrierInformationRetrieval platformto accommodate
two new DivergenceFromRandomness(DFR) weightingmodels,
which combineevidenceon documentstructureandcaptureterm
dependenceandproximity, respectively. We usedthesemodelsin
the Terabyteand the Enterprisetracks,and found themto be ef-
fective. Additionally, we presenteda new queryexpansionmech-
anismon �elds, which successfullycombinesevidencein a linear,
ratherthanuniform way anda novel syntactically-basednoisere-
ductiontechniquefor long queriesandthe index. We presenteda
new theoretically-drivenwayof combiningqueryindependentevi-
dence,in theform of prior probabilities,whichwetestedin Named
Page Finding. In the Expert Searchtask, we further enhanced
our understandingof our model for expert search,and through

experimentation,generatedsomevery promising results. Over-
all, our participationin TREC2006includespartsof our ongoing
researchin weighting modelsand retrieval performanceenhanc-
ing techniques,which areeffectively combinedaspartof theDFR
framework, and easily implementedin our Terrier retrieval plat-
form. Thegoodresultsreportedin our participationpave theway
for furtherresearch.
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